This article reviews methods for comparative effectiveness research using observational data. The basic idea is using an observational study to emulate a hypothetical randomised trial by comparing initiators versus non-initiators of treatment. After adjustment for measured baseline confounders, one can then conduct the observational analogue of an intention-to-treat analysis. We also explain two approaches to conduct the analogues of per-protocol and as-treated analyses after further adjusting for measured timevarying confounding and selection bias using inverse-probability weighting. As an example, we implemented these methods to estimate the effect of statins for primary prevention of coronary heart disease (CHD) using data from electronic medical records in the UK. Despite strong confounding by indication, our approach detected a potential benefit of statin therapy. The analogue of the intention-totreat hazard ratio (HR) of CHD was 0.89 (0.73, 1.09) for statin initiators versus non-initiators. The HR of CHD was 0.84 (0.54, 1.30) in the per-protocol analysis and 0.79 (0.41, 1.41) in the as-treated analysis for 2 years of use versus no use. In contrast, a conventional comparison of current users versus never users of statin therapy resulted in a HR of 1.31 (1.04, 1.66). We provide a flexible and annotated SAS program to implement the proposed analyses.
Introduction
Developing clinical guidelines requires reliable evidence on the comparative effectiveness of medical interventions. Although randomised clinical trials are usually considered the 'gold standard' for this purpose, 1-3 conducting a relevant randomised trial is not always ethical, feasible or timely. As a result, scientific evidence on comparative effectiveness is often obtained by analysing observational data, which are increasingly based on electronic medical records and other large healthcare databases.
Causal inferences from observational data may be questionable because the studied treatments are not randomly allocated, which may result in confounding by indication, and because some commonly used analytic approaches (e.g. comparing current users with non-users or never users) may lead to estimates that are biased or hard to interpret. 4, 5 One approach to solve the latter problem is using the observational data to emulate a hypothetical randomised trial. 6, 7 Here, we describe this approach along with a real-world application to estimate the effect of statin therapy on the risk of coronary heart disease (CHD) using electronic medical records from the United Kingdom (UK). Randomised clinical trials have shown that statin therapy reduces the risk of CHD, 8 and observational studies have shown that the magnitude of the confounding by indication is very large. 9, 10 The combination of a well-known effect and large confounding makes this a good case study to test the limitations of both the observational data and our analytic approach.
The structure of this article is as follows. In Section 2, we describe the observational database that is used in our example. In Section 3, we discuss a hypothetical randomised trial and how to emulate it using the observational database. In Section 4, we describe methods to estimate the observational analogues of intention-to-treat, per-protocol and as-treated analyses. In Section 5, we compare these methods with the current versus never users analysis which is commonly used to analyze observational data. We conclude by discussing the relative advantages and disadvantages of the various proposed effect estimates. We also provide an example of annotated software to implement these analyses.
The observational database: The Health Improvement Network
The Health Improvement Network (THIN) is a database of electronic medical records collected by general practitioners in the UK. In 2009, THIN covered 6.2 million individuals from about 350 practices. For each individual, demographic and socioeconomic characteristics as well as symptoms, signs and diagnoses, referrals, laboratory test results and some lifestyle information are recorded and updated using standardised methods. Vital status and cause of death data are also recorded by general practitioners based on information provided by coroners. The information recorded in THIN has been used in many research projects, and has been shown to be of sufficient quality for epidemiologic research. 11, 12 The subset of THIN that was available to us at the time of this study included information from January 2000 to December 2006.
We defined the treatment initiation date to be the first date of any statin prescription and calculated the discontinuation date using the number of pills provided in the prescription. We considered statin therapy to be uninterrupted if there was a gap of less than 60 days between two successive prescription periods (using a gap of 30 days did not materially change our results). We defined CHD as either a definite diagnosis of myocardial infarction (MI) or death from CHD. We identified 10 041 potential CHD diagnoses in the database. The validity of a random sample of 500 cases had been confirmed by medical records review in a previous analysis. 13 We reviewed the medical records of 4126 cases that occurred after the end of the previous study using the same validation criteria and considered 92% of these cases as definite. Only definite cases were included in our analyses.
We imposed an a priori range of plausible values on the recorded data for body mass index (BMI), systolic blood pressure (SBP), LDL-and HDL-cholesterol levels and number of visits and referrals in the past 3 months. When the recorded values were outside the plausible range, which occurred for 0.03% of eligible observations, we considered the value to be missing. The plausible ranges were based on both biological knowledge and the observed range of values in the National Health and Nutrition Examination Survey in the USA (1999) (2000) (2001) (2002) . 14 If the value of a covariate was missing in a particular month, we carried the last observed value for up to 12 months for SBP, LDLand HDL-cholesterol levels and for up to 24 months for BMI, alcohol and smoking.
This study was approved by the Institutional Review Board at the Harvard School of Public Health and the Multicenter Research Ethics Committee in the UK. All analyses were conducted using SAS version 9.2 (SAS Institute Inc., Cary, NC, USA).
Design of a comparative effectiveness study
In this section, we first describe the design of a hypothetical randomised trial to estimate the effect of statin therapy on the risk of CHD, and then how to emulate such randomised trial using our database of electronic medical records. Since statin therapy was not randomly assigned to individuals in the database, we will refer to our observational study as a non-randomised observational 'trial'. We end this section by reviewing the differences between the hypothetical randomised trial and the observational 'trial'.
A hypothetical randomised clinical trial 3.1.1 Eligibility criteria and washout period
The trial will enrol participants aged 55-84 who have no prior history of CHD, stroke, peripheral vascular disease, heart failure, cancer, schizophrenia or dementia, and no signs of subclinical CHD, as determined by a physical examination and laboratory tests such as exercise electrocardiography. Participants must not have used statins for at least 2 years prior to enrolment (the washout period). The duration of the enrolment period will be determined based on the required sample size and pace of recruitment.
Treatment groups and follow-up
Each eligible participant will be randomly assigned to either the treatment or the control group. Those in the treatment group will receive a pre-defined daily dose of a selected statin for the duration of the trial. Those in the placebo group will receive matching placebo pills if the trial has a blind design, or no pills (i.e. usual care) if the trial has an open-label design, as is common in 'pragmatic' comparative effectiveness trials. CHD diagnoses will be confirmed by a physician who is also unaware of the treatment assignment if the trial is double-blind. Each participant will be followed until the first occurrence of CHD, death, loss to follow-up or administrative end of the study, whichever occurs first.
3.2
Using observational data to emulate a non-randomised 'trial'
Eligibility criteria and washout period
To mimic the design of the above trial using the observational data, we identified all individuals in the THIN database who were between 55 and 84 years of age in January 2000, and who had at least 2 years of continuous recording in the database (operationalised as at least 2 years of information since the first recorded prescription for any drug), at least one health contact and no prescriptions of statins within those 2 years (i.e. the washout period). We then excluded individuals who, according to the information recorded in the database, had a prior history of CHD, angina, revascularisation, stroke, peripheral vascular disease, heart failure, cancer, schizophrenia or dementia, had used digoxin or antipsychotics, or had an incomplete data for all potential confounders before January 2000. A total of 3178 individuals in THIN met all the eligibility criteria for this January 2000 'trial'.
Treatment groups and follow-up
Eligible individuals were classified into two groups: the initiators who initiated statin treatment during the month of January 2000 (treatment group) and the non-initiators who did not initiate statin treatment during that month (control group). Of the 3178 individuals in the 'trial', 18 were initiators. Each individual was followed until the first occurrence of CHD, death, loss to follow-up or administrative end of the study, whichever occurred first. Of the 3178 individuals, 91 developed CHD during the follow-up (1 among the initiators).
Creating a sequence of non-randomised 'trials'
The small number of initiators (18) and CHD cases among them (1) makes it impossible to conduct a meaningful analysis of our 'trial'. To increase the number of initiators and cases, we applied the above approach to every month between January 2000 and November 2006. Thus, we emulated 83 'trials', each of them with a 1-month enrolment period. Table A1 shows the numbers of participants, initiators and CHD events by 'trial'. The eligibility criteria for at least one of these 83 'trials' were met by 74 806 individuals. Of these, 635 had CHD, 1667 died from other causes, 307 were lost to follow-up (e.g. transferred to a non-THIN practice) and 72 197 reached the end of follow-up (December 2006 or age 85) alive and without CHD.
On average, each of the 74 806 eligible individuals participated in 11 'trials'. For example, many of the non-initiators in the January 2000 'trial' still met all eligibility criteria on February 1st and thus were included in the February 2000 'trial' too. In contrast, all 18 initiators in the January 2000 'trial' were ineligible for the February 2000 'trial' because they received treatment during the washout period for the February 2000 'trial'. When pooling the participants across all 'trials', there were 844 800 person-'trials', of which 13 599 were initiators and 6335 developed CHD (117 among initiators). The average duration of follow-up was 25.8 months for initiators and 29.6 months for non-initiators. Figure 1 shows a flowchart of the person-'trials' included in the study.
Differences between the hypothetical randomised trial and the non-randomised 'trials'
Each one of our non-randomised 'trials' emulates the eligibility criteria, washout period, treatment groups and follow-up period of a hypothetical randomised trial. However, substantial differences remain between our 'trials' and the hypothetical randomised trial described in Section 3.1. The most prominent difference is that treatment was not assigned at random in our observational 'trials'. Rather, those with worse prognostic factors (older age, higher LDL-and lower HDL-cholesterol levels, higher SBP, smoking, hypertension, diabetes and more medical encounters) were more likely to initiate statin therapy (Table 1) , i.e. there is confounding by indication. These differences between initiators and non-initiators are not expected in a randomised trial, and thus no confounding adjustment is usually performed. In contrast, estimating causal effects from our 'trials' requires confounding adjustment, as described in Section 4. We selected the variables in Table 1 as potential confounders based on a priori knowledge and a review of observational studies on the effectiveness of statins.
Another difference between our non-randomised 'trials' and the hypothetical randomised trial is that the hypothetical randomised trial would exclude patients who have undiagnosed CHD at baseline via a systematic physical exam or laboratory tests. In contrast, many of these patients will be included in our 'trials' and may have a higher probability of initiating statin therapy if their doctors suspected that they had undiagnosed CHD. Because clinical suspicions may not be recorded in the database, the initiators and the non-initiators in our 'trials' may differ with respect to unmeasured prognostic factors that cannot be adjusted for in the analysis (i.e. there may be unmeasured or residual confounding). We will return to this point in Section 4.5.
Finally, unlike in a hypothetical double-blind randomised trial, in our 'trials' both patients and doctors are aware of treatment assignment. This awareness may affect the behaviour of patients (e.g. treated patients may become lenient on following a healthy diet) and doctors (e.g. doctors may monitor treated patients more closely than untreated ones, which might result in earlier diagnosis). Like in open-labelled randomised trials, the effect of treatment initiation in our non-randomised 'trials' will be a combination of the pharmacological effects of statin therapy and of the behavioural changes. In contrast, a double-blinded randomised trial is designed to estimate the pharmacological effects only. The choice between open-labelled and double-blinded designs depends on the question of interest. For instance, if we are interested in the overall effect of treatment in clinical practice, such effect includes the effect of behavioural changes. In that case, an open-labelled trial may be more appropriate than a double-blinded trial. Indeed, 'pragmatic' randomised trials with less restrictive eligibility criteria and an open-labelled design are increasingly being advocated as a more reliable source of evidence on comparative effectiveness in clinical settings than double-blinded placebo-controlled randomised trials. 15 We now describe how to estimate the overall effect of statin therapy on CHD risk using our nonrandomised 'trials'. 
Analysis of a comparative effectiveness study 4.1 Intention-to-treat analysis
In randomised trials, the intention-to-treat effect is estimated by comparing the risk (or the incidence rate) of the outcome in the treated group with that of the control group. This comparison is often carried out by fitting a Cox proportional hazards model, with 'time since start of follow-up' as the time scale and a non-time-varying indicator for treatment assignment as the only covariate. This model estimates an average hazard (rate) ratio over the duration of the follow-up for the treated versus the control group, which is commonly referred to as the intention-to-treat hazard ratio (HR). Alternatively, one can approximately estimate this HR via the odds ratio from a pooled logistic model 16 that includes a flexible functional form of the continuous covariate 'time since start of follow-up' (e.g. polynomials, splines). We estimated an observational analogue of the intention-to-treat HR in our non-randomised 'trials' by fitting a pooled logistic model like the one described above except that (1) the indicator for experimental treatment assignment was replaced by an indicator for observed therapy initiation and (2) potential confounders (measured at the baseline of each 'trial') were added to the model as covariates. We pooled data from the 844 800 person-'trials' from all 83 'trials' into a single model rather than fitting a separate model for each 'trial' and then pooling the 83 HR estimates. The model included 'month at the trial's baseline' (taking values from 1 to 83) and month of follow-up in each 'trial' and their squared terms as continuous covariates. The covariate values for each person-'trial' were based on the most recently recorded data by the start of that 'trial'. Both the model and the structure of the dataset required to fit it are described in more detail in the Appendix. Because many individuals participated in more than one 'trial', we used a robust variance estimator to estimate conservative 95% confidence intervals (CI). 17 The average HR (95% CI) of CHD for statin therapy initiation versus no initiation was 1.37 (1.14, 1.66) when the model did not include any baseline covariates, 1.29 (1.06, 1.56) after adding age (in 5year age groups) and sex, and 0.89 (0.73, 1.09) after adding all potential confounders in Table 1 . If we assume that all important confounders are included in the model, then the HR of 0.89 can be interpreted as the intention-to-treat average HR of CHD conditional on the confounders.
To assess the potential heterogeneity of the HR across 'trials', we fit a separate model that included all of the above covariates plus a product term between the indicator for therapy initiation and the month of the 'trial'. We tested whether the product term was statistically different from 0 (Wald test, chi-square with one degree of freedom) and did not find a strong indication of heterogeneity across 'trials' (p-value 0.65).
Another approach to estimating an intention-to-treat HR is to use propensity score methods. The propensity score is the predicted probability of receiving treatment (i.e. initiating statin therapy at the start of the 'trial') conditional on the confounders. 18 We estimated the propensity score for each person-'trial' by fitting a logistic regression model for the probability of treatment that included the potential confounders as covariates. We then fit a model to the 844 800 person-'trials' with indicators for therapy initiation and for quantiles of the estimated propensity score (20 categories). The average CHD HR was 0.88 (95% CI 0.72, 1.08) which is almost identical to the HR of the model with covariates described above.
Per-protocol analysis
The magnitude of the intention-to-treat effect depends on how closely participants adhere to the treatment assigned at the start of the 'trial'. In our study, 17% of initiators stopped taking statins within 1 year of initiation (30% within 5 years), and 10% of non-initiators started taking statins within 1 year (39% within 5 years; Figure 2 ). In a population with a different degree of adherence to treatment -or one in which different factors reduce adherence -the intention-to-treat HR is guaranteed to differ from our estimate of 0.89. Furthermore, in studies comparing therapy with no therapy, imperfect adherence moves the intention-to-treat effect towards the null, which may result in missing small beneficial or harmful effects.
In randomised trials, a common attempt to adjust for imperfect adherence is restricting the analysis to participants who adhered to the treatment protocol. This is referred to as a per-protocol analysis. In one version of the per-protocol analysis, the analysis would be restricted to individuals who adhered to their assigned treatment throughout the entire follow-up (the per-protocol population). In another version, the analysis is restricted to individuals who adhered to their assigned treatment at baseline and individuals are censored if/when they deviate from the assigned treatment (the per-protocol person-time). In our example, the goal of a per-protocol analysis is to estimate the 'effect of continuous treatment', 19,20 defined as the CHD risk in initiators if all individuals had stayed on statin therapy compared with the risk in non-initiators if all individuals had refrained from taking statin therapy during the study period'.
An analogous per-protocol analysis can be conducted in observational studies. In our example, we stop following each person-'trial' if and when they deviated from their initial treatment. That is, initiators are censored when they stop statin therapy, and non-initiators when they start. In such artificially censored population, all initiators are continuous users and all non-initiators are neverusers. If we now fit the intention-to-treat model to the artificially censored population, the HR estimated by the model compares continuous treatment versus no treatment (conditional on the measured covariates at baseline). 20 After applying this artificial censoring to our 'trials', the average duration of follow-up was 21.6 months for initiators and 25.0 months for non-initiators, The HR for continuous treatment versus no treatment was 0.86 (0.59, 1.27). For this HR to unbiasedly estimate the effect of continuous treatment, we need to adjust for both confounding for treatment initiation and time-varying selection bias because the artificial censoring, which depends on treatment history, may share common causes with the outcome, i.e. censoring may be informative. 21 We attempted to adjust for baseline confounding by including the baseline covariates in the model. Section 4.4 describes how to use inverse-probability (IP) weighting to adjust for time-varying selection bias. Note that the need to adjust for time-varying covariates applies to per-protocol analyses of both randomised trials and observational studies.
As-treated analysis
An as-treated analysis classifies individuals according to the treatment that they received during the follow-up rather than according to the treatment that they initiated at baseline. In randomised trials, an as-treated analysis ignores that the data come from a randomised trial and rather treats them as coming from an observational study. As a result, an as-treated estimate will be confounded if there are prognostic factors that caused participants to change treatment and these factors are not appropriately adjusted for.
There are many versions of as-treated analyses. In our example, suppose we fit the intention-totreat model with one modification: we replace the indicator for therapy initiation by a function of the treatment history received. Specifically, we used 'total duration of treatment' for our primary astreated analysis. For example, if a participants enroled in a 'trial' as an initiator in month 10 and continued her treatment until month 20, the total duration of treatment would be 1 for month 10; 2 for month 11 and so on, until it reached 11 in month 20. Our model replaced the indicator for treatment initiation by the time-varying covariates 'total duration of treatment' and its squared term, and thus estimated the average HR of CHD for each additional month of treatment (conditional on the measured baseline covariates).
We used the above dose-response model to estimate the average HR estimate for 2 years of treatment versus no treatment. The HR estimate was 0.73 (95% CI 0.50, 1.06). This estimate may not have a causal interpretation because of residual baseline confounding, because adjustment for time-varying confounding may be necessary (Section 4.4) and because our choice of function of treatment history ('total duration of treatment') may not accurately represent the dose-response relation between statin treatment and CHD risk. For example, 'total duration of treatment' does not differentiate between different patterns of treatment that result in the same duration. That is, a patient who took the drug for two non-consecutive periods of 5 months has the same total duration as a patient who used the drug continuously for 10 months, regardless of how recently treatment was used. If recency and continuity of use are important determinants of the effect of statin therapy, then other functions of treatment history that capture these factors should be used (e.g. duration of use in the past year, or average duration of treatment as defined in the Appendix). 20 When the goal is estimating the effect of continuous treatment, per-protocol and as-treated analyses have relative advantages and disadvantages. A per-protocol analysis with artificial censoring does not require a correctly specified dose-response function, but censoring may result in a wider 95% CI for the HR. Conversely, modelling the dose-response function in an as-treated analysis may yield a narrower 95% CI, but it does so at the risk of model misspecification. One way to assess the sensitivity of the effect estimate to potential model misspecification is to explore different doseresponse functions that are consistent with a priori knowledge and available data. For example, as a sensitivity analysis, we fit a separate model that replaced total duration of treatment by average duration of treatment. See Appendix for technical details.
IP weighting
We used IP weighting to adjust for the time-varying selection bias introduced by artificial censoring in the per-protocol analysis and the time-varying confounding in the as-treated analysis. Informally, the IP weight for each eligible individual at a given time is the inverse (reciprocal) of her probability of having received the treatment history that she actually received. 22,23 For example, suppose an individual received statins during the first month of follow-up but not during the second. Then, her IP weight at the second month is the inverse of the product of her probability of receiving treatment in the first month and her probability of not receiving treatment in the second month. See Appendix for details.
By assigning time-varying IP weights to each individual, we effectively create a pseudo-population in which there is no association between the measured confounders and treatment at any time during the follow-up. 22,23 Thus, IP weighting eliminates bias due to both measured confounding (because treatment is independent of the confounders in the pseudo-population) and selection bias due to artificial censoring (because censoring is a function of treatment). 22, 23 To compute the time-varying IP weights, we need each individual's probability of receiving treatment at each time conditional on all time-varying confounders. We estimated these probabilities in the THIN dataset by fitting a pooled logistic model for the probability of treatment use (1, yes; 0, no) that included all the variables in Table 1 (both the value at each individual's baseline and the most recently measured value) in addition to baseline calendar year, duration of last treatment episode and its squared term, calendar month of follow-up and its squared term, and months since last measurement of SBP, LDL-and HDL-cholesterol levels (in six categories). Covariate values were carried forward indefinitely until a new measurement was available. We allowed the association between confounders and treatment to vary according to treatment status in the previous month by fitting separate models for those who were on treatment in the previous month (users) and those who were not (non-users). Table 2 shows the association between selected time-varying characteristics and the probability of receiving treatment. Among non-users, strong determinants of starting statin therapy were being a male, being 65-74 years of age, using antihypertensive drugs, having high LDLcholesterol, high SBP, diabetes and more doctor visits. Among users, strong determinants of continuing therapy were having low LDL-cholesterol, using antihypertensive drugs, not using other lipid-lowering drugs, and having more doctor visits. The probability of initiating treatment increased in later 'trials'.
The IP weights we have described so far are often referred to as unstabilised weights. Because unstabilised weights generally yield wide CIs for the HR, one needs to stabilise the weights in most applications. Informally, stabilisation is accomplished by multiplying a individual's unstabilised IP weight at each time by his probability of having received his treatment history conditional on baseline (but not time-varying) covariates. We estimated these probabilities by fitting a second pair of logistic models for treatment (one for users and one for non-users) that were identical to those described above except that they did not include any time-varying covariates. We truncated the stabilised weights at a maximum value of 10, which is larger than the 99th percentile of IP weights in both per-protocol and as-treated analyses, to prevent unduly influence by outliers with very large weights. 24 The mean (standard deviation) of the estimated IP weights after truncation was 0.97 (0.47) before censoring non-adherent person-time (as-treated analysis) and 1.02 (0.21) after censoring (per-protocol analysis).
In our analysis of THIN, the IP-weighted HR (95% CI) was 0.84 (0.54, 1.30) in the per-protocol analysis, and 0.79 (0.41, 1.41) for 2 years of treatment in the as-treated analysis. These estimates did not change materially when the weight models included product terms between pairs of a priori selected variables (i.e. age and sex, age and calendar year, LDL-cholesterol and calendar year). In the absence of unmeasured confounding, the parameters of our weighted pooled logistic model consistently estimate the parameters of a marginal structural model 25, 26 and represent the effect of continuous treatment versus no treatment (per-protocol) or the effect of 2 years of treatment versus no treatment (as-treated). The as-treated effect estimates are generally sensitive to the dose-response function used in the analysis, and thus careful thought needs to be given to this issue. For example, if we had used average duration of treatment instead of total duration of treatment, the IP-weighted HR for 2 years of treatment versus no treatment would have been 0.88 (0.50, 1.57).
Finally, IP weights can also be estimated to adjust for informative censoring due to loss to followup, which may arise in all types of analyses (intention-to-treat, per-protocol and as-treated). We examined the effect of censoring due to loss to follow-up in the THIN database using IP weights for censoring. As expected, the results were almost identical to those without IP weights for censoring because only 0.4% of individuals in this database were lost to follow-up.
Unmeasured confounding by undiagnosed disease
All the analyses presented in the previous sections assume no unmeasured confounding. This assumption would be incorrect if patients with undiagnosed disease at the start of the 'trials' were more likely to receive treatment due to reasons (e.g. their physician's clinical judgement) that are not recorded in the patient's profile. A proposed ad hoc method to adjust for this unmeasured confounding is excluding the early period of follow-up. 10, 27, 28 The length of the excluded These estimates correspond to an analysis that did not censor non-adherent individuals (i.e. as-treated). Estimates obtained after artificially censoring non-adherent individuals (per-protocol) were similar (data not shown). b All models also included baseline levels of all of the covariates, four sets of indicators for time since last measurement of SBP, LDLand HDL-cholesterol ( 6, 7-12, 13-18, 19-24 and >24 months), indicator for baseline year for each individual, and duration of last treatment episode in months (linear and quadratic).
follow-up period is chosen to be at least equal to the duration of asymptomatic (latent) period for the disease of interest.
The rational for this exclusion is as follows. Suppose one knows that at least 6 months of treatment are required to affect the risk, i.e. that the Kaplan-Meier curves for initiators and noninitiators of statin therapy overlap -or, equivalently, that the HR is exactly 1 -during the first 6 months of follow-up. In this setting, estimating an average HR greater than 1 during the first 6 months would indicate that there is unmeasured confounding by indication. Thus, eliminating the first 6 months from the analysis would prevent this confounding from affecting the average HR over the rest of the follow-up.
In our 'trials', the average HR was 1.61 (1.17, 2.21) during the first 6 months, and 1.17 (0.89, 1.53) during the first 12 months. However, randomised trials indicate that the HR should be 1 because statin therapy does not affect the risk of CHD during the first 6-12 months of use. 29 It is therefore likely that our effect estimates are affected by unmeasured confounding during the early follow-up. Figure 3 shows the changes in the overall average HR after excluding the early follow-up by increments of 3 months up to 24 months. The intention-to-treat HR was 0.71 (0.53, 0.94) after excluding 12 months and 0.66 (0.45, 0.97) after excluding 24 months. The HR for continuous treatment in the per-protocol analysis was 0.53 (0.27, 1.02) after excluding 12 months and 0.48 (0.19, 1.20) after excluding 24 months.
Unfortunately, the interpretation of the effect estimates after excluding the early follow-up is not straightforward. For example, consider the downward change in the intention-to-treat HR from 0.89 to 0.71 when the first 12 months of follow-up were excluded. In general, one cannot interpret this change as an indication of better adjustment for confounding for at least two reasons.
First, a change in the HR is arithmetically expected even in the absence of unmeasured confounding because the overall HR is a weighted average of the time-varying HRs. Thus, if the HR were exactly 1 during the first few months and less than 1 afterwards, eliminating the early months from the calculation would result in a downward change in the weighted average compared with the overall weighted average. Similarly, if the HRs were increasing in time, excluding early follow-up would increase the average HR.
Second, a downward change may be due to introduced selection bias. This bias will arise when treatment affects outcome during the early follow-up. Consider, for example, the postmenopausal oestrogen plus progestin therapy commonly used in the USA. A large randomised trial showed that this hormone therapy increases the risk of CHD during at least the first 2 years of use, 6, 30 i.e. the average HR is greater than 1 during the first 2 years. Excluding the first few years of follow-up in the trial yielded a HR of less than 1. This result could be due to either a reversal of the treatment effect over time (from harmful to beneficial) or, more likely, selection bias: the women included in the calculation of the average HR after excluding the first few years of follow-up are those resilient women who had survived for all those years without developing CHD despite being exposed to hormone therapy. This selected group of women is expected to have a lower CHD incidence than women who were not exposed to hormone therapy. That is, even in the absence of a long-term protective effect of hormone therapy on the absolute risk of CHD, the HR will be less than 1 after excluding the first few years. 31 In our statin analysis, one could argue that excluding the early follow-up does not introduce selection bias because randomised trials suggest that statin therapy does not affect the risk of CHD during the first 6-12 months of use. But we cannot generally expect to have definite evidence on the timing of treatment effects from randomised trials. (If such evidence were available, the benefits of using observational data for comparative effectiveness would be questionable.) In most cases, it will be unclear whether excluding early follow-up decreases the net bias.
Summary of results
The main results in Sections 4.1-4.5 are summarised in Table 3 . The intention-to-treat HR after adjustment for all baseline covariates was 0.89. The large difference between the unadjusted (1.37) and adjusted (0.89) HRs indicates the large magnitude of confounding by indication for the initiation of statin therapy. The effect of continuous treatment in the per-protocol analysis was very similar to the intention-to-treat effect whereas the as-treated analysis showed a slightly stronger protective effect (HR of 0.79). To obtain the per-protocol and as-treated estimates, we used two forms of multivariate adjustment: including baseline covariates in the model for CHD and using time-varying covariates to estimate IP weights. The unweighted estimates were 0.86 in the perprotocol, and 0.73 in the as-treated analyses, which indicates that either the timevarying confounding was of moderate magnitude, or that we had insufficient information on the time-varying confounders.
Excluding the first year of follow-up resulted in HRs that were further from the null: 0.71 for intention-to-treat effect, 0.53 for the per-protocol effect and 0.68 for 2 years of treatment in the as-treated analysis. These estimates are often interpreted as an ad hoc sensitivity analysis for unmeasured confounding, but remember the caveats discussed in Section 4.5. A more formalbut also harder to implement -approach for sensitivity analysis would be to incorporate the assumptions about the timing of treatment effects into g-estimation of a structural model. 32 
The 'current versus never users' comparison
A common version of as-treated analysis in observational studies is the comparison of current users versus non-users or never users of a particular treatment. In this contrast, the analyst simply compares the incidence of the outcome in those who are using the treatment (the current users) with that in individuals who are not using the treatment (the non-users) at a particular time, after adjusting for time-varying covariates in a multivariate survival model. Often the non-users are separated into two groups: those who had never used treatment (the never users) and those who have used it in the past but are not currently using it (the past users). The current user vs. non-user or never user average HR is the main result reported in many pharmacoepidemiologic studies. Of the 2 479 873 person-months in our study (74 806 unique individuals times an average followup of 33.2 months), 475 489 were classified as current users and 1 953 878 as never users. Table 4 shows the 'current vs. never users' average HR in our study using different methods for handling missing data and exclusion criteria. The multivariate adjusted HR of CHD for 'current vs. never users' of statins ranged between 1.31 and 1.42. These estimates might be naı¨vely interpreted as indicating a harmful effect of statins. However, the 'current vs. never users' average HR may be difficult to interpret because of at least two reasons.
First, the 'current vs. never users' analysis may not appropriately adjust for measured confounders that are affected by prior treatment (e.g. LDL-cholesterol). 5 In our study, we have shown that there is much measured confounding by indication for statin therapy. However, only a small difference between the unadjusted (1.65) and the fully adjusted (1.42) HRs was found in the 'current vs. never users' analyses. This small difference suggests that either this attempt to adjust for confounding is unsuccessful or that it introduces selection bias. See Appendix for a more detailed description of this form of selection bias.
Second, as discussed in Section 4.5, the person-time closer to the start of statin therapy has on average a higher HR because the HR is greater than 1 during the early follow-up, possibly due to unmeasured confounding. One could try to eliminate this unmeasured confounding by excluding all early follow-up (Section 4.5) or by excluding the early follow-up among current users only. A common implementation of the latter approach is replacing 'current users' by 'long-term current users' (also referred to as 'persistent users'). For example, one could compare the risk among (persistent) users who have received treatment for at least 1 year with that among those who never received treatment. Under this definition of persistent use, Table 4 shows that the fully adjusted HR of CHD for 'long-term current vs. never users' comparison ranged between 0.95 and 1.05 in our study, compared with 1.31-1.42 for 'current vs. never users'. The 'improvement' from 1.42 to 1.05 (or from 1.31 to 0.95) may be incorrectly interpreted as better adjustment for confounding in the 'long-term current users vs. never users' contrast compared with the 'current vs. never users'. However, this explanation is not fully satisfactory because the age-and sex-adjusted HRs for 'long-term current vs. never users' were in fact more 'improved' (ranged between 0.88 and 1.01) than the fully adjusted HRs. That is, additional adjustment for measured confounders made it harder to find an apparently beneficial effect of statins. This counterintuitive result may be explained by selection bias because the persistent users are, by definition, selected initiators who survived a year without CHD. This form of selection bias is partly corrected by including more variables in the model. Therefore, using contrasts based on current users is a gamble in which the investigators bet that the amount of selection bias introduced is less than the amount of confounding eliminated. It is especially problematic that one can vary the period to define persistent use, and thus the magnitude of selection bias, to obtain a desired value for the HR. For example, in our study, the HR of CHD was 0.77 (0.51, 1.18) when comparing long-term current users for at least 24 months vs. never users (compared with 1.05 for current users of 1 year or more in the third column of Table 4 ). Note that the presence of a truly time-varying effect (rather than selection bias) is always a potential alternative, or complementary, explanation that cannot be ruled out empirically.
Without further information on how the true effects change over time, it is impossible to know whether a 'current vs. never users' HR is an appropriate method to adjust for imperfect adherence. For example, in re-analyses of observational studies of postmenopausal hormone therapy 6,33 , the 'initiators versus non-initiators' HR of CHD did not suggest that treatment was beneficial even though a 'long-term current vs. never users' did. The latter was effectively excluding the early followup when hormone therapy increased the risk of CHD and restricted analysis to selected users who had survived without CHD.
Besides not being subject to the above problems, the analytic approach proposed in this article can be easily extended to estimate standardised survival curves that compare the cumulative risks under different treatment scenarios. 20
Discussion
Using observational data from electronic medical records, we estimated a beneficial effect of statin therapy on CHD risk using intention-to-treat, per-protocol and as-treated analyses. This was a surprising finding. Given the large magnitude of confounding by indication for the effect of statin therapy, we expected an observational analysis to be hopeless, and the HR estimate to be greater than 1. This article was supposed to demonstrate the limitations of observational data to estimate the intended effects of a medical intervention (as opposed to unintended effects such as toxicity). 34 Rather, this article demonstrated that the combination of subject-matter knowledge (to choose the potential confounders), high-quality data (electronic medical records with careful validation of the outcome of interest) and a sound methodology (emulation of 'trials') may overcome much confounding and selection bias. An observational analysis of the comparative effectiveness of two drugs (rather than comparing a drug with no drugs, as we did) will generally be even less affected by confounding, especially if the two drugs are prescribed to patients with relatively similar baseline characteristics. 35, 36 Our success, however, was not complete. Our estimate of the intention-to-treat HR of CHD for statin therapy (0.89, 95% CI: 0.73, 1.09) had a wide 95% CI and underestimated the benefit suggested by randomised clinical trials (0.72, 95% CI: 0.65, 0.79). 8 This underestimation may be explained by residual confounding by indication 34 and higher adherence to treatment in the randomised trials compared with our observational 'trials'. In fact, our estimates of the effect of continuous treatment, which adjust for imperfect adherence, suggested a greater benefit than the intention-to-treat estimate.
Two previous observational studies found a beneficial effect of statin therapy initiation for primary prevention of CHD. 9,10 Smeeth and colleagues used the THIN database and reported the effect of statin initiation on risk of MI only after excluding the first year of follow-up. The reported HR was 0.86 (0.76, 0.97). 10 Seeger and colleagues used a database from a community Health Management Organisation in the USA and conducted their analysis using propensity score matching. They excluded 30% of initiators who could not be matched with a non-initiator and estimated an average HR of 0.69 (0.52, 0.93). 9 Like our study, both of these studies compared initiators versus non-initiators. As showed above, the use of the 'current versus never users' comparison would have incorrectly suggested that statins have a null or harmful effect.
We restricted the study population to individuals without a history of CHD and other chronic diseases to mimic the eligibility criteria of a primary prevention randomised trial. Restriction may also result in a more homogeneous population and thus limit confounding in observational analyses of pharmacological interventions. 37, 38 We further restricted our analysis to individuals with complete information on all potential confounders (after carrying forward the last observed values for 12 or 24 months). The age-sex adjusted intention-to-treat HR before applying the restriction to individuals with non-missing values was 1.19 (95% CI 1.08, 1.30) compared with 1.29 (1.06, 1.56) after restriction, which suggests that restriction did not contribute much to limit confounding in this context.
Besides residual confounding, another concern in observational studies is that there may not be both initiators and non-initiators for each combination of values of the measured confounders, i.e. the positivity condition may not hold. 24 In the THIN data positivity approximately holds as shown by the extent of the overlap between the distribution of the estimated propensity scores for initiators and non-initiators ( Figure 4 ). To guarantee positivity, we also conducted a matched analysis where we matched each initiator person-'trial' with up to five non-initiators in 0.01 callipers of their propensity score (scaled from 1 to 100). This process resulted in a matched population of 75 540 person-'trials' (36 634 distinct individuals). We then fit a Cox model to the matched population of person-'trials' with the initiation indicator as the only covariate. The CHD HR estimate was 0.83 (95% CI 0.67, 1.03) which is similar to our intention-to-treat HR estimated using either multivariate or propensity score adjustment.
Our approach can be easily modified to estimate the effect of discontinuing a treatment (see Appendix of Herna´n et al. 6 ). The study population would be restricted to those who have been on treatment for a pre-specified period of time. Then, stoppers and non-stoppers in each 'trial' would be identified. In the THIN database, we defined eligible individuals as those who have been on treatment for at least 6 months and we identified 3 561 stoppers and 202 749 nonstoppers. The intention-to-treat (or rather 'intention-to-stop') HR was 1.49 (0.96, 2.33) before adjustment for baseline covariates and 1.30 (0.83, 2.03) after adjustment. This HR suggests that cessation of statin therapy increases the risk of CHD.
Another analytic method that might be have been used to adjust for confounding by indication is instrumental variable (IV) estimation. 19, 39 If an instrument is available and certain assumptions hold, one can adjust for both measured and unmeasured confounding. In double-blind randomised trials, the randomisation indicator can be used as an instrument. In observational studies, however, it is not possible to demonstrate that any particular variable is an instrument. Further, the assumptions required for valid IV estimation of the effect of continuous treatment are often implausible. In our example, we were not able to identify any potential instrument in the database.
Finally, we designed our per-protocol analysis to estimate the effect of continuous treatment. However, this would be a poor choice of effect measure if the treatment had frequent toxic effects because there is little interest in estimating the effect of continuous treatment when many individuals cannot take treatment continuously. In settings with toxicity, the protocol of the randomised trial would specify that treatment has to be discontinued in case of toxicity. In this setting, a simple extension of our censoring procedure can be used to conduct a per-protocol analysis using observational data, as described elsewhere. 19 In summary, the analysis of observational studies for comparative effectiveness research requires background knowledge, high-quality information and appropriate analytical methods. We propose, as a first step, to emulate the observational analogue of the intentionto-treat effect of a (hypothetical) randomised trial, comparing initiators and non-initiators after adjusting for as many potential confounders as possible. As a second step, appropriately adjusted per-protocol and as-treated analyses can be conducted to remove the impact of imperfect adherence. Table A1 presents the number of participants, initiators and cases for each 'trial'. As explained in Section 4, we pooled these 'trials' to estimate the analogue of the intention-to-treat effect, which requires data on the baseline confounders. Table A2 presents the data for three hypothetical individuals. We restricted the confounders to LDL-cholesterol to simplify the table.
To fit the pooled logistic regression model described in Section 4, we expanded the data set so that each observation corresponds to 1 month of follow-up for a particular individual in an eligible person-'trial'. Table A3 presents the expanded dataset where m denotes the baseline month of the 'trial', t the follow-up month, E m the eligibility for 'trial' m (1: eligible, 0: ineligible), A m and A m+t the values of treatment at time m and m + t of 'trial' m, respectively (1: on treatment, 0: not on treatment), L m+t the value of LDL at month t of 'trial' m and finally D m+t+1 the occurrence of CHD in month t + 1 of 'trial' m.
In this particular example, the first and second individuals each contributed to two 'trials' and the third individual to three 'trials'. Notice that we only expanded the follow-up starting from the first month of each eligible person-'trial' but all subsequent months for each 'trial' were included in the follow-up, even if they were not eligible for expansion themselves. For brevity, we have assumed that follow-up ended at month 70.
Disease models
We used pooled logistic models to estimate HRs in all analyses suggested in Section 4. Here, we present the models using the same notation as described above for Table A3 except that from here onwards L m denotes a vector of covariates used in the model. We have also added overbars to indicate the previous history of a covariate from the start of follow-up and used a superscript T to denote a transpose of a vector of parameters.
The model for the intention-to-treat analysis is: where 0,m+t is a time-varying intercept (estimated as a constant plus linear and quadratic terms for both m and t) and 1 approximately equals 16 the log HR for treatment initiation averaged over the duration of follow-up.
In the per-protocol analysis, we censored the person-time when someone discontinued their initial treatment assignment. That is, we fit the model: where C mþtþ1 is the indicator for artificial censoring due to discontinuing initial treatment at time t + 1 in 'trial' m.
Finally, for the dose-response functions in the as-treated analysis, we used the total duration of treatment and its squared term in the model as presented below:
Note that the average HR comparing x months of treatment versus no treatment is now approximately equal to e 1 xþ 2 x 2 .
In the sensitivity analysis, we replaced total duration of treatment by average duration of treatment:
To make the model more flexible, one can add product ('interaction') terms between treatment history and time. For example:
In this case, the effect estimate cannot be summarised in a single average HR because the HR is allowed to vary over time.
Treatment models for IP weights
The stabilised weights for each patient at each time m + t are defined as
As described elsewhere, 25, 26 we fit the logistic model
, and the logistic model
. We fit these models separately for a ¼ 1 and a ¼ 0 in the preexpansion dataset (i.e. using data as in Table A2 ). Because we allowed a 60-day gap after the end of any prescription, the first two person-months after initiation of treatment had, by definition, a probability of being treated of 1. Therefore, we excluded these observations from the weight models.
Note that we could have chosen IP weights with a numerator different from that of the SW weights, and that certain choices of numerator would result in more efficient estimators (i.e. narrower 95% CIs) at the expense of complex computations. The relative inefficiency of the SW weights explains why the 95% CI of the HR was wider for the as-treated analysis compared with the per-protocol analysis when we used a weighted model.
As explained in Section 4.4, for the disease models used in the per-protocol and as-treated analyses, the contributions of each individual at each time m + t were weighted by the individualspecific weights SW A mþt in order to adjust for time-varying confounding or selection bias. Our estimates can be considered as a special case of IP-weighted estimation of a history-adjusted marginal structural model. 40, 41 Because the numerator of the weights was conditional on the baseline variables L 0 , the weighted disease models included these variables as well.
Explanation for bias introduced in the 'current vs. never users' comparison
Let us assume that the first two months of our study can be represented by the causal directed acyclic graph (DAG) shown in Figure A1 . The nodes A 0 and A 1 represent indicators of statin therapy use at months 0 and 1, respectively, L 1 a vector of prognostic factors (e.g. LDL), D 2 the dichotomous indicator of disease during month 2 and U an unmeasured variable (e.g. poor diet or genetic factors). For simplicity, the DAG does not include the baseline values L 0 . The arrow from A 0 to L 1 represents the causal effect of statins on LDL; the arrow from L 1 to A 1 represents the effect of LDL on future initiation of statin therapy; the arrow from L 1 to D 2 represents the effect of LDL on CHD; and the arrows from U to L 1 and D 2 represent the effects of poor diet or genetic factors on LDL and CHD, respectively. The absence of an arrow from U to A 0 or A 1 indicates no unmeasured confounding. The absence of a direct arrow from A 0 to D 2 indicates that the effect of statin therapy is mediated through L 1 , and the absence of an arrow from A 1 to D 2 indicated that statin therapy has no effect on CHD during the first month of use. The absence of direct arrows from A 0 and A 1 to D 2 is not necessary for our argument below but it simplifies the exposition.
The conventional 'current vs. never users' comparisons contrast the probability of D 2 between current users (A 1 ¼ 1) and never users (A 1 ¼ 0, A 0 ¼ 0) at each time point after conditioning on L 1 to adjust for confounding by indication. This conditioning is usually implemented by adding indicators for past user (1 if A 1 ¼ 0, A 0 ¼ 1) and current user (1 if A 1 ¼ 1), together with L 1 , as covariates in a logistic or proportional hazards regression model. Under the DAG in Figure A1 , the coefficient for A 1 in such a model should be zero if the model is correctly specified. However, the DAG shows that conditioning on L 1 opens the path A 1 A 0 L 1 UD 2 because L 1 is a collider. This path creates an association between A 1 and D 2 among current users. Therefore, even before conducting the analysis, it is known that the coefficient for the indicator of current use in the model will not be zero. One may attempt to block this path by including A 0 in the outcome regression, but this precludes the detection of the effect of A 0 , which is the only one that exists in our example. See the Appendix of Herna´n and Robins 7 for an expanded discussion.
We can explore the direction of the bias in the 'current vs. never users' comparison by adding signs to the arrows in the DAG to represent the direction of the causal effects as suggested by Vanderweele et al. 42, 43 Statins reduce LDL levels, thus the negative sign on the arrow from A 0 to L 1 ; poor diet increases LDL and risk of CHD, thus positive signs on arrows from U to L 1 and D 2 ; prior treatment is a strong predictor of future treatment, thus, a positive sign on the arrow from A 0 to A 1 . If all variables are regarded as dichotomous, and under the assumption of no interaction between A 0 and U discussed by VanderWeele et al., 42, 43 conditioning on L 1 and thus opening the path A 1 A 0 L 1 UD 2 will introduce a positive bias such that under the null hypothesis of no effect of A 1 on D 2 , A 1 will be associated with a higher risk of D 2 . This is consistent with our results in the THIN analysis, where the 'current vs. never users' contrast yielded a HR of CHD greater than 1 for statin use versus no use (Section 5). A similar argument can be proposed when L 1 is replaced by D 1 , and the HR of D 2 is conditional on having survived without developing CHD (i.e., D 1 ¼ 0). Our proposed comparison of initiators versus non-initiators within nested non-randomised 'trials' of eligible individuals prevents this problem because it conditions on A 0 by design. Figure A1 . Causal relationships between treatment, confounders and outcome in the first 2 months of the study with the direction of the effects designated by signed arrows.
